Background: The filamentous fungus Trichoderma reesei is the main industrial cellulolytic enzyme producer. Several strains have been developed in the past using random mutagenesis, and despite impressive performance enhancements, the pressure for low-cost cellulases has stimulated continuous research in the field. In this context, comparative study of the lower and higher producer strains obtained through random mutagenesis using systems biology tools (genome and transcriptome sequencing) can shed light on the mechanisms of cellulase production and help identify genes linked to performance. Previously, our group published comparative genome sequencing of the lower and higher producer strains NG 14 and RUT C30. In this follow-up work, we examine how these mutations affect phenotype as regards the transcriptome and cultivation behaviour. Results: We performed kinetic transcriptome analysis of the NG 14 and RUT C30 strains of early enzyme production induced by lactose using bioreactor cultivations close to an industrial cultivation regime. RUT C30 exhibited both earlier onset of protein production (3 h) and higher steady-state productivity. A rather small number of genes compared to previous studies were regulated (568), most of them being specific to the NG 14 strain (319). Clustering analysis highlighted similar behaviour for some functional categories and allowed us to distinguish between inductionrelated genes and productivity-related genes. Cross-comparison of our transcriptome data with previously identified mutations revealed that most genes from our dataset have not been mutated. Interestingly, the few mutated genes belong to the same clusters, suggesting that these clusters contain genes playing a role in strain performance.
Background
Random mutagenesis followed by strain screening, using either chemical substances or irradiation, has for decades been the choice method for developing efficient microbial industrial strains. The main drawbacks of random mutagenesis are well known: accumulation of deleterious mutations leading to evolutionary dead ends or unstable strains, limited or nonexistent ability to select for synergistic mutations, due to the low probability that the two or more suitable mutations appear in a single clone, and finally few or no clues regarding the underlying cellular mechanisms involved [1] . Nevertheless, this empirical approach has been very successful and remains broadly used even more than 25 years after the advent of recombination technologies. A spectacular example is the filamentous fungus Trichoderma reesei, famous for its high cellulase enzymes secretion capacity, which is of high interest for the second generation biofuel industry [2] . Industrial strains derived from the original QM6a strain isolated on the canvas tents of US soldiers are able to produce 40 to 100 g L -1 cellulase enzymes, which represent a more than 1,000-fold production improvement [3] . T. reesei is the workhorse of cellulase production, and these enzymes are essential for the economic feasibility of biorefinery processes that rely on fermentation of lignocellulosic biomass sugar monomers. However, despite those high production titres, the specific productivity (g/g.h -1 ) of the strains remains relatively low and there is still a need for strains with higher productivities.
Earlier studies on cellulase production regulation have identified the XYR1 transcription factor as a pivotal inducer of cellulase production [4] [5] [6] and have also assessed a role for the carbon catabolite repression mediated by the CRE1 transcription factor [7] [8] [9] . Indeed, strains deleted for CRE1 function show higher production levels [10] . Moreover, the RUT C30 strain, one of the most studied hyperproducing strains, bears a truncated version of the cre1 gene that has been demonstrated to be inactive and to allow higher cellulase production [11] . The presence of inducers in extracellular media (cellulose, hemicellulose, cellobiose, but also lactose and sophorose) leads to xyr1 transcription activation through a yet-to-be-discovered transduction mechanism [12] .
Other transcription factors and genes involved in regulation have been identified, but their respective roles remain enigmatic (ace1, ace2, ace3, lae1, creD) [13] [14] [15] [16] [17] . The importance of a low growth rate to reach a good cellulase productivity was also pointed out [18] . Indeed, most industrial protocols are based on a fed-batch of the inducing carbon source, leading to cellulase production and practically zero cellular biomass production [19] .
The T. reesei genome was sequenced in 2005 [20] , followed by sequencing of high and low producer strains by various groups [21] [22] [23] [24] [25] . These studies uncovered many mutations, some of which affected genes that could reasonably be associated with cellulase production [21] . Indeed, other studies led to formal linking of some of these genes with a higher cellulase production phenotype [17, 23] . However, the majority of mutations have not been characterized, owing to the somewhat labourintensive genetics of Trichoderma. Moreover, random mutagenesis probably led to silent or unfavourable mutations, making systematic assaying of each mutation an unattractive strategy.
A way to further select target genes before switching to labourious genetic validations is to perform transcriptome or other systems biology analysis in conditions approaching industrial ones. A simple assumption would be that a significant number of mutated genes will be transcribed, induced or repressed under these conditions, helping to define or refine the studied system further. Microarrays give a reliable picture of induced or repressed genes under given conditions, and RNA sequencing is even more powerful, as it allows more sensitive and quantitative detection of a given transcript, even if no expression variation is observed. Indeed some transcriptome studies have been performed on T. reesei [17, [26] [27] [28] , and some have led to the identification of genes directly linked to cellulase production. Most of these studies have been performed on the relatively low producer strain QM9414 [26] [27] [28] and rely on batch cultures, with the exception of [17] , which has used chemostat culture and the RUT C30 strain.
Despite identification of genes having an effect on cellulase production, the performance of historical strains obtained through random mutagenesis is still not matched by strains modified solely by targeted genetic engineering. The reason is probably that the ? roots of cellulase production? have still not been properly understood.
In this study, a transcriptome analysis was performed to identify genes involved specifically in protein production by T. reesei under conditions close to those of an industrial process (bioreactor, monitored pH, soluble and cheap inducing carbon source like lactose in fedbatch). In our opinion, these would be the most probable candidates to have a genuine effect on productivity in an industrial context when modified. We also wanted to decipher the chain of events of early induction; therefore, a kinetic study was performed over the first 24 h after the start of the induction. We chose to work with the respectively moderate and higher producer strains NG 14 and RUT C30, which our group previously sequenced [21] . This allowed us to perform a close comparison of transcriptomes and genomes from these two strains and from other lineages.
We show that a smaller number of genes than previously reported are involved in cellulase production, probably owing to well-controlled culture conditions. Moreover, the complexity of the kinetic pattern observed and the differences between the two strains suggest that inactivation of catabolic repression through cre1 deletion may not be the only important genetic event that happens during the breeding of RUT C30. We also show that only a small number of genes that have been mutated during the obtention of these strains are differentially expressed by the transcriptome analysis and that they have the same regulation patterns.
Results

NG 14 and RUT C30 strains? protein production in an industrial cultivation regime
In order to study the early phase of induction by lactose of T. reesei, we cultivated in duplicate strains RUT C30 and NG 14 in a bioreactor by following a previously described protocol that mimics an industrial process [19, 29] . Each strain was grown on D-glucose during the batch phase for around 24 h, until the glucose was depleted. The glucose concentration decline was monitored, and lactose fed-batch cultivation was started when equal to or below 0.5 g L -1 . This lactose pulse is tuned in such a way that no lactose accumulates in the medium, which favours cellulolytic enzymes production, based on previous experience ( [29, 30] ). This induction step is called the fed-batch phase. Cultivations were carried out up to 48 h after fed-batch start, except for one NG 14 replicate that had to be stopped shortly after 24 h because of feeding pump failure and one for RUT C30 that was conducted up to 148 h.
The cultivation data for each fermentation are presented in (Additional file 1: Figure S1 ). Carbon source concentrations and biomass and protein production, focussed on the first 48 h after fed-batch are presented in Figure 1 , with merged cultivation duplicates. CO 2 production was monitored to achieve carbon balances, which reached more than 0.90 gC produced /gC consumed (data not shown). We chose to determine protein concentration using the Bradford method [31] to avoid background protein with peptides contained in the corn steep in the culture medium when protein concentration is low. However, for cellulases, this method is known to underestimate actual protein concentrations 3.5 to 5-fold [32] compared to the Lowry method [33] , which reflects actual production. This conversion factor was used for mass balancing and to compare specific productivities with previous work (Jourdier et al. [29, 30] ). In addition, Lowry protein measurements were made on the RUT C30 cultivation that lasted for 150 h to check the consistency of the calculation (Additional file 2: Figure S2 ).
The batch phase resulted in a rapid consumption of glucose in less than 24 h, in a similar fashion for all fermentations ( Figure 1 ). At the end of this phase, the average biomass of both the RUT C30 and NG 14 strains increased up to 16 g L -1 . Lactose injection was started when the glucose concentration was below 1 g L -1 . For all cultivations, no galactose or lactose was detectable in subsequent measurements during the fed-batch phase. The glucose concentration remained between 0.2 and 0 g L -1 (Additional file 3: Table S5 ).
During fed-batch, the biomass concentration of the RUT C30 and NG 14 strains remained fairly constant. A difference is seen at 48 h with 24 g L -1 for NG 14 and 17 g L -1 for RUT C30. However, the measure for NG 14 is Growth curves (dry biomass concentration g.L -1 ) and protein production levels (extracellular protein concentration g.L -1 (EC Prot. Conc.), as assayed by Bradford method (see Results), are displayed for NG 14 and RUT C30 T. reesei strains. Time 0 h marks the start of lactose feeding. Negative values represent the 24 h of batch culture and positive values the first 48 h of fed-batch culture with lactose. Each curve represents the average measure of two independent cultures; error bars show average standard deviation to give an estimate of replicates? quality (excluding technical replicates). One NG 14 replicate is lacking after 24 h lactose induction, so dispersion data is not available. Bradford method allows accurate assessment of production start and comparison between strains but underestimates actual values and is therefore not appropriate for carbon balancing (see Results for detailed explanations). based on only one replicate, as the second culture for this strain had to be stopped at 24 h, and we cannot conclude that the observed difference has any significance.
Protein production starts sharply as early as 3 h after lactose induction in the RUT C30 strain, with a steady production rate. The protein production starts between 6 and 24 h after induction in NG 14. As the production rate remains steady, it suggests that protein production indeed started closer to 6 h than to 24 h. The overall specific productivities of the strains between 4 h and 30 h were on average 1.2 mg/g cell /h and 3.98 mg/g cell /h for NG 14 and RUT C30, respectively. Applying a Bradford to Folin correction factor between 3.5 and 5 leads to actual estimated productivities between 4.2 and 6.0 mg/g cell /h for NG 14 and between 13.9 and 19.9 mg/ g cell /h for RUT C30. Accordingly, the protein concentration at the end of production (148 h) reached 32.5 g/L for one of the RUT C30 strains, making a specific productivity of 13.4 mg/g cell /h. All these date are in line with the results of previously published work (up to 15 mg/ g cell /h) [29] .
Filter paper activities were measured and show values in line with data from previous work [19] and are homogeneous between strains and time points, suggesting no dramatic differences in cocktail compositions (data not shown).
Global transcriptome changes during protein production
We sampled the fungal biomass to extract the total RNA after lactose addition to the medium. We wanted a focus on early induction and therefore chose 1, 3, 6 h after fed-batch. The choice of the final 24 h time points was based on our previous study, as a very high induction of cellulase genes was observed, suggesting that early induction events are over at this time [34] . We also used one sample point just before lactose induction as a reference (time 0) for each culture. This sampling process was carried out for the four independent bioreactor cultures, and the total RNA for each time point was hybridized against the time 0 reference on a transcriptome custom microarray designed for T. reesei. From a total of four hybridizations for each kinetic point, the microarray results were normalized and a differential analysis was performed.
After consolidation of duplicates and statistical analysis, we obtained 568 genes that were differentially expressed compared to their corresponding time 0, both strains considered. The differentially expressed genes specific to each strain are indicated in Additional file 4: Table S1 . The numbers of differentially expressed genes found specifically for each strain and shared in both strains are shown in Figure 2A . Interestingly, RUT C30 showed five times fewer differentially expressed genes than NG 14 and only 62 specific genes.
The number of differentially expressed genes for each time point in each strain is shown in Figure 2B . We observed that for both strains the number of induced and repressed genes increases during induction, from 113 genes 1 h after induction to 422 after 24 h for NG 14.
For RUT C30, the increase is from 46 genes 1 h after induction to 228 after 24 h.
The most striking difference between the strains is observed in the first hours of induction (between 1 and 3 h of induction). At those times, there is an increase in the number of induced genes in NG 14 from 67 to 165, while in RUT C30 this number remains about the same, suggesting that no significant expression changes occur in the early steps of induction in RUT C30. The increase in the number of induced genes in RUT C30 correlates with the start of active protein secretion 3 h after lactose The number of induced or repressed genes during induction by lactose is depicted in a bar chart. It displays the number of induced (red) and repressed (green) genes for the four time points (1, 3, 6 and 24 h) found during the induction in the RUT C30 and NG 14 strains compared to time 0. The differentially expressed genes have been selected using a 5% false discovery rate cut-off and with an absolute log2 fold change greater than 1.
feeding onset. More surprisingly, the number of repressed genes is quite high for the early induction stage for NG 14, being 145 at 3 h, 141 at 6 h and 211 at 24 h. In RUT C30, the repressed genes increase especially at late induction stages, with 60 genes at 6 h and 124 genes at 24 h.
Clustering analysis reveals kinetic differences between NG 14 and RUT C30
We applied clustering techniques to classify gene expression profiles into groups of similar patterns. From the expression matrix containing 568 differentially expressed genes, we were able to sort 532 of them into 9 clusters according to their expression pattern ( Figure 3 ). All clusters can be classified as ? up-regulated? (1, 5, 7? 9) or ? down-regulated? (2, 3, 4 and 6). Up-regulated clusters include 256 genes (45.1% of the matrix) and downregulated gene clusters include 276 genes (48.6%).
Qualitative differences were observed in genes from up-regulated clusters between NG 14 and RUT C30. Cluster 7 group genes up-regulated at 6 h, only for NG 14. Conversely, cluster 5 group genes up-regulated later at 24 h, only for RUT C30. Group 1 is the largest cluster and shows early induction (1 h) for NG 14 with no changes in the RUT C30 strain. Clusters 8 and 9 are early up-regulated profiles that group genes showing upregulation as early as 1 h after lactose induction for both strains. However, cluster 9 shows higher expression ratios than cluster 8, especially for the NG 14 strain.
Regarding the down-regulated genes, we saw marked differences in the kinetics between NG 14 and RUT C30. Most of these genes in NG 14 have an early repression pattern, at 1 h (cluster 3), and at 3 h (clusters 2 and 4) after lactose induction. Most down-regulated genes in the RUT C30 strain are found in cluster 2, with much lower expression ratios and retarded compared to NG 14. In contrast, cluster 6 gathers the only genes that are down-regulated in RUT C30 and with no noticeable expression variation in NG 14.
Only clusters 5 and 6 featured genes with an increase or decrease in gene expression specific to the RUT C30 strain, with no changes observed in the NG 14 strain. These clusters contain 59 of the 62 genes found specific to RUT C30 (Figure 2A ). All these differential expressions take place at later times, when production has already started, and they may be pivotal in explaining the productivity differences observed. For the rest of the clusters, the differences between the two strains consist in up-or down-regulations that occur only in NG 14 or are severely reduced in RUT C30 (except for cluster 8, where the two strains share the same expression). Several hypotheses can be drawn from these results: regulation could have already occurred in RUT C30 before the lactose induction, it could be constitutive in RUT C30, or it could reflect genuine de-regulation regarding the lactose induction signal.
Cluster characterization using functional categories
From a manual annotation of each up-or down-regulated T. reesei gene (see Materials and methods), genes were categorized according to the Functional Catalogue (Fun-Cat) (Additional file 5: Table S2 ). The most representative categories (categories with more than ten genes in the whole dataset) and the number of genes found in each category in each cluster are shown in Table 1 . Genes related to amino acid metabolism and ribosome biogenesis were found more in cluster 1, up-regulated only in NG 14. Genes linked to metabolism, lipid metabolism, energy metabolism and extracellular protein degradation were mostly found in clusters 2, 3 and 4. Cluster 2 contains the majority of lipid metabolism genes, while most genes for metabolism, energy metabolism and extracellular protein degradation were found in cluster 4. In addition, four proteasome components, pre2, pre5, pre6 and pre9 (Trire2:121009, Trire2:121343, Trire2:76010, Trire2:124031, respectively), were found in cluster 4, and the gene phosphoenolpyruvate carboxykinase pck1 (Trire2:124115), key in gluconeogenesis, was found in cluster 3.
CAZyme genes were more represented in clusters 8 and 9. These clusters group the most induced genes during induction for both strains and gather most of the genes encoding enzymes linked to cellulose degradation. We found among them the main endoglucanase genes cel7b, cel5a, cel12a, cel45a and cel74a (Trire2:122081, Trire2:120312, Trire2:123232, Trire2:49976, Trire2:49081, respectively), cellobiohydrolase cel6a (Trire2:72567) and swollenin swo1 (Trire2:123992). The main cellobiohydrolase, cel7b, is absent from our dataset as induction is so strong that a saturating signal was obtained under all conditions. Also noteworthy is the presence of the lytic polysaccharide monooxygenase cel61a (now in the CAZy AA9 family) (Trire2: 73643) [35] . These clusters also include 12 other genes coding for glycoside hydrolases (GH) either already characterized as ?
-galactosidase bga1 (Trire2:80240) [36] , ? -glucosidases bgl2, cel1b, cel3c (Trire2:120749, Trire2:22197, Trire2:82227, respectively) or putative ones [23, 37, 38] .
Genes related to secretion are found predominantly in cluster 5 (only induced in RUT C30), and most of them belong to the ERV and SEC families. Other well-known genes that belong to the secretion system, bip1, pdi1, cne1 and sar1 (Trire2:122920, Trire2:122415, Trire2:73678, Trire2:61408, respectively), were identified in clusters 5 and 8. Concerning genes encoding transcriptional regulators, most of them belong to cluster 5. They include the xylanase regulator xyr1 (Trire2:122208) and two genes (Trire2:77513 and Trire2:122523) whose overexpression was shown to increase the cellulase activity at least Figure 3 Clustering of differentially expressed genes during induction by lactose in both studied strains. From 568 genes identified as significantly regulated among the several expression experiments performed, 532 were gathered in 9 clusters according to their changes during the NG 14 and RUT C30 lactose induction. The average profile of each cluster is shown next to its heat map.
1.5-fold with lactose as inducer [17] . Gene Trire2:77513 was named ace3 by the authors because of its importance in the cellulase induction and in the activation of other cellulase genes. Outside cluster 5, a putative xylanase repressor xpp1 (Trire2:122879) and a gene involved in carbon catabolite repression and ubiquitination creD (Trire2:81690) [39] were found in cluster 1.
Transporter genes were identified predominantly in cluster 7, only induced in NG 14. However, those described as sugar transporters [24] are mainly found in cluster 8. Genes from primary metabolism and energy metabolism were found mostly in cluster 4. Genes from this category included the down-regulated gene aldose epimerase aep1 (Trire2:22415), which is involved in the catabolism of galactose via the Leloir pathway. In contrast, the D-xylose reductase xyl1 (Trire2:107776) from the alternative galactose oxidoreductive pathway was found in the up-regulated cluster 5 (specific to RUT C30). Genes from the categories secondary metabolism, signal transduction, detoxification and stress response were also present and distributed among several clusters. Except for cluster 9, no cluster was specific to a single category. However, clusters can be characterized by two or three main functional categories, suggesting a good match between functional categories and expression profiles, except for clusters 3 and 6, which could not be related to a specific functional category. Cluster 3 shares genes from the categories of clusters 2 and 4; therefore, it is close to them both in terms of functional categories as well as in terms of expression profile. Cluster 6 contains genes probably related to cellulase production, as it was the only down-regulated cluster specific to RUT C30 during protein production.
Few genes have a higher basal expression in RUT C30
As we were surprised by the large number of genes regulated in the NG 14 strain, we attempted to explain the apparent loss of up-and down-regulation in the RUT C30 strains. To achieve this, the time 0 references from RUT C30 and NG 14 were compared using RNA-seq experiments (Additional file 6: Table S3 ). From the 568 differentially expressed genes found using microarrays, we identified Only the FunCat categories with more than ten genes in the whole dataset are considered main functional categories. The number of genes belonging to categories is provided for each cluster. Category-associated genes found more abundantly (at least a 2-gene of difference between clusters) are indicated in bold. Percentages in parentheses indicate the rounded percentage of genes from each category found in a cluster. Genes whose function could not be associated with a category were annotated as Unclassified. Genes without a predicted function were annotated as Unknown.
by RNA-seq only 23 whose expression was different between the two strains ( Table 2) , meaning that 95.9% of the differentially expressed genes during the protein production have the same basal level in these strains. The distribution of these genes between each cluster shows that most of them are included in clusters 8 and 9 (Figure 4) . Most of these genes are cellulase genes that have a higher basal expression in RUT C30 and that represent 60% of cluster 9 (seven genes) and 10% of cluster 8 (four genes). This may explain the apparent lower induction of these genes in RUT C30 and is compatible with our previously published results positively correlating induction ratios and protein production [34] . However, the small number of genes induced or repressed prior to the lactose induction suggests that expression patterns observed between the two strains indeed reflect different behaviours regarding the lactose induction signal.
Mutations in NG 14 and RUT C30 marginally affected regulated genes during lactose induction
In order to establish whether the differential expression of some genes during production was linked to the mutations that had been accumulated during mutagenesis of QM6a to NG 14 and subsequently RUT C30, we compared the gene expression profiles obtained in this work with the mutations found in NG 14 and RUT C30 (Additional file 7: Table S4 [21 ,22,25,37] ). We systematically scanned for genes in an 800-bp window around each mutation. From the list of 165 mutations considered physically close enough to a gene to have a phenotypic effect, only 5 involved differentially expressed genes in at least one strain. Four mutations were specific to the mutagenesis towards RUT C30, which accounted for a total of 76 mutations. Interestingly, all four mutations relate to genes clustered in cluster 1 and cluster 5 ( Table 3) . Because of the low correlation between genes that were mutated in the RUT C30 lineage and their expression data, we extended our comparison to mutations found in other cellulase improved strains [23] [24] [25] (Table 3) . We found 14 mutations affecting differentially expressed genes. Most of them were again found in cluster 1 (six genes) and in cluster 5 (three genes), which is considerably higher than those in the NG 14 RUT C30 lineage. 
Discussion
A refined view of protein production by T. reesei under an industrial regime A number of transcriptome studies have already been published on T. reesei cellulase production. However, most of them have been performed with the low producer strain QM9414 [26] [27] [28] . In addition, most studies have been conducted in batch mode, preventing separation between growth and enzyme production and making carbon source availability difficult to control [26, 37] . In addition, lactose, one of the preferred soluble substrates for industrial cellulase production, has received only limited interest [26, 27] . One study was conducted with strain RUT C30 in chemostat cultures and focussed on the physiology of protein production [6] . These studies are a significant contribution to the fundamentals of cellulase production by T. reesei. However, the events that take place under industrial conditions (lactose as carbon source, near-zero residual carbon source, nearzero growth, constant pH) have not been studied yet. This study presents for the first time a transcriptome analysis of early induction by lactose in T. reesei under a feeding regime mimicking an industrial protocol [19] . The use of these controlled conditions may also explain the detection of a smaller number of genes responding to the lactose induction (below 600, all strains and time points considered) compared to previous studies that report more than 1,000 regulated genes [26] [27] [28] . Despite quantitative differences in the number of genes involved, our data are in agreement with previously published studies, and the main actors of enzyme production are found. Several genes encoding proteins belonging to the secretion system (bip1, pdi1, cne1, sar1), several chaperones as well as SEC and ERV family proteins account both for an induction of the secretion system and an enhancement of protein quality control (ERAD and UPR responses) [7] [8] [9] . Yet fewer CAZymes have been found in our study than in previous studies, but those found are the main components of the secretome. For example, we retrieved most CAZyme genes (19 of 26) from our results, including all major cellulases, in a list of 63 CAZymes from a transcriptome analysis of the strain QM9414 grown in a lactose medium [26] . These differences might be due to the strain and culture conditions and the fact that our study focussed on early induction. It is worth noticing that a previous work on RUT C30 two-dimensional electrophoresis already reported a secretome focussed on the main enzymes [19] , which is compatible with our results. However, the use of different experimental designs or other analysis methods such as deep sequencing might also be partly responsible.
Relatively few transcription factors are induced or repressed, but while the main regulator xyr1 is strongly induced, other known components of the cellulolytic enzymes regulon (ace1, ace2) have not been detected [4, 34] . This could be due to the fact that transcriptome analysis has a limited sensitivity or that activation of these factors is mainly post-translational. It is noteworthy that the recently described ace3 transcription factor is strongly induced [17] . Interestingly, the aldose epimerase gene 1 aep1 is repressed in accordance with previous studies that show that the ? -D-galactose originating from lactose is catabolized via the reductive galactose catabolic pathway and does not require mutarotation to α-D-galactose, which is a prerequisite for catabolism via the Leloir pathway [40] . This coincides also with the observation that the gene encoding enzyme of the first step of the alternative galactose pathway xyl1 is strongly induced. We also confirm the induction of genes encoding putative lactose transporters as recently reported [24, 41] . Among them, the crt1 gene (Trire2:3405) has been recently described as having a pivotal role in the lactose induction of cellulase genes, either as a lactose transporter or a cellulose sensor [24, 26, 42] . Three other transporters were highly up-regulated during growth on cellulose (Trire2:79202, Trire2:56684 and Trire2:54632). Several intracellular βglucosidases were also regulated [23] .
The relatively small number of detected genes and the fact that the majority of genes already being reported as having an impact on cellulase production are present in our dataset prompt us to believe that the data presented here is a very specific picture of cellulolytic enzymes induction by lactose. This is especially true for the RUT C30 strain that does not grow at all during the process. This study also presents a real-life picture of genes involved in enzyme production under an industrial carbon feeding regime, in other words, those which most probably have an impact on process performances.
Comparison of NG 14 and RUT C30: a kinetic view of enzyme production
We used a cellulase production protocol originally adapted to a RUT C30 derivative, the strain CL847 [29, 43] . This protocol mainly uses tuning of lactose feeding to maintain the strain under carbon limitation and thus ensures high cellulase production. We have previously shown [34] that this protocol could also be used for RUT C30 and may lead to some protein production in the lower producer strain QM9414 too, though with a more than 10-h lag phase and some carbon source accumulation before the start of production. The mutant strain NG 14 behaved differently, displaying a much reduced lag phase before onset of production, but -most importantly -was able to take up lactose as efficiently as RUT C30, so that the growth of both strains was carbon limited. This allowed us to investigate how the two strains reacted to the same inducing carbon flux. NG 14 and RUT C30 have seldom been compared for their respective performances [3, 44, 45] . Our data showed that RUT C30 has a specific productivity twice as high as that of NG 14 during the first 50 h of the fed-batch phase. Moreover, two main differences are reflected by the production curves (Figure 1) ; RUT C30 starts production at least 3 h earlier, and steady-state productivity during fedbatch is higher than for NG 14. A comparison of differentially expressed clusters found for each strain and sorted by time point is shown in Figure 5 . It is interesting to note that no cluster is temporally correlated with the onset of protein production.
We investigated if the differences in gene regulation found in RUT C30 could be explained by the action of the carbon catabolite repressor CRE1 (which is truncated in We differentiate common mutations to RUT C30 and NG 14 strains from the mutations specific for RUT C30 strain. Mutations in regulated genes described in other cellulase improved strains are shown. Mutations are described as single nucleotide variation (SNV) and deletions or insertions (InDel). Affected gene region is also provided.
RUT C30, [11] ) because it would regulate some genes in NG 14 that are no longer regulated in RUT C30. Based on our previous work on the cre1 regulon [9], we only found 66 genes in the present dataset to be potentially subject to carbon catabolite repression (data not shown). However, they were distributed in almost all the clusters, and have no common expression pattern with our previous study. While catabolite repression is probably operating in strain NG 14 (see below), the complex effect of CRE1 prevents us from formally identifying CRE1 ? fingerprints? in our dataset. However, it is tempting to attribute the 3-h delayed production in NG 14 to the time needed to relief of catabolite repression. Clusters 8 and 9, which group genes induced early in both strains (mainly cellulases and the xyr1 regulator), do not explain by themselves the delay between NG 14 and RUT C30. However, genes from this cluster are strongly down-regulated in NG 14 before lactose induction (Figure 4 ). This observation can probably be attributed to the cre1 truncation in RUT C30 [10, 11, 34] , and explains the counter-intuitive observation that cellulases are more induced in NG 14 than in RUT C30. While the induction kinetics is the same, the higher absolute transcript levels in RUT C30 may be related to the earlier secretion of proteins in this strain, as previously suggested [34] , and reflect a clear CRE1 signature. The recent observed effect of CRE1 on nucleosome positioning on the cbh1 promoter suggests a broad role in chromatin remodelling for this regulator and thus alteration of the expression of many genes besides direct targets such as xyr1 and cellulase genes [46] . The same work and another recently published one also present increasing evidences that the cre1 truncation in RUT C30 is not equivalent to a full deletion [47] .
Basal induction level comparisons between the two strains could not explain any other regulatory events that would be specific to NG 14, such as the early downregulation of clusters 2 to 4, early up-regulation of cluster 1 and late up-regulation of cluster 7. Down-regulated clusters 2 to 4 comprise genes related to metabolism, proteasome, gluconeogenesis and lipid metabolism. Downregulation of these genes in NG 14 could be an adaptation to lactose feeding and end of carbon starvation. Also, a large number of NG 14 up-regulated genes in cluster 1 (52) correspond to ribosome biogenesis. Note that ribosomal proteins were not identified in our previous study of cre1-deletants [9] , and therefore this effect appears to be cre1-independent. However, without genetic engineering of NG 14 or RUT C30, we cannot formally rule out a direct or indirect CRE1 effect.
Clusters 5 and 6 group most of the genes that are specific to RUT C30. Interestingly, a significant induction of these clusters occurs after the onset of protein production in RUT C30. Some of these genes might be responsible for the higher productivity of this strain. Indeed, these clusters feature the highest percentage of regulators and secretion-related genes of our dataset. At these later time points, with catabolite repression relieved in both strains, it is possible to speculate that these differences are CRE1-independent. We have previously speculated on an effect caused by a relief from CRE1-carbon catabolite repression, and this can still not be ruled out by the present data, but this effect is still weakly documented and poorly understood [9, 34] .
In conclusion, we observed transcriptional differences between the T. reesei cellulase producer mutant strains NG 14 and RUT C30 both before (genes that might be involved in the start of production) and after (genes that might be involved in productivity phenotype) the start of protein production. While the majority of these differences may be attributable to the translation of a truncated CRE1 protein in strain RUT C30, the gene expression kinetic patterns observed suggest that other mutations may also have an effect on the strains? performances and/or transcriptomes. For instance, the bglr Zn 2 C 6 transcription factor, mutated in RUT C30 and in a strain from an independent lineage PC-3-7 but not in NG 14, was demonstrated to have an effect on cellulase production [21, 23] . Conversely, the study of clusters 8 and 9 points out a role for carbon catabolite relief independently from lactose induction. The higher cellulase transcript levels might play a role in the earlier set of secretion in RUT C30.
The cellulase induction system was remotely altered by the NG 14 to RUT C30 mutagenesis
In our previous work [21] , complemented with new sequencing projects, we have been able to identify a nearly complete list of genes impacted by mutations of NG 14 and RUT C30: 130 by single nucleotide substitutions, 3 by small insertions or deletions and 32 by large structural variations. We compared these data with transcriptome data obtained in this work. Surprisingly, only about 3% of genes affected by mutations (either in promoter, terminator or coding sequence) are differentially expressed during the early phase of induction by lactose. This observation can be explained by the fact that many mutations may or may not modify gene functions but do not affect their expression. This is true in particular for transcription factors, whose action is not necessarily regulated by transcription. Conversely, a gene can be affected by a mutated transcription factor without being mutated itself. Nevertheless, our previous study already identified several genes involved in cellular processes such as secretion or protein maturation. It is striking to see that genes involved in the same processes are induced during induction of protein production and yet none of the mutated genes displayed a modified level of expression. Only the ace3 gene (Trire2:77513) is a notable exception: it is at the same time induced in our datasets (and in other teams? [17] ), mutated in RUT C30, and has been identified as having an effect on cellulase production. The mutation in RUT C30 is a single nucleotide variation leading to a premature stop codon instead of a glutamine amino acid. This truncated C-terminus region is probably of regulatory importance, as in other Zn 2 Cys 6 transcription factors [12] . This could lead to a relief from a potential repression, mimicking the effect of its overexpression [17] . It is interesting to note that other mutations affect promoters, and that three of them concern genes in cluster 5 that are specific to RUT C30 and possibly linked to productivity. Intriguingly, a larger number of genes affected by mutations found in the independent lineages QM9414, KGD-12 and PC-3-7 were found in our dataset as well, and they are mostly located in clusters 1 and 5 [23] [24] [25] . This strengthens the importance of these clusters, particularly of cluster 1. It is possible that other uncharacterized genes in these clusters could be attractive targets for further genetic engineering of the strains.
Conclusions
This study describes for the first time whole-genome transcriptional events for cellulose-producing strains of T-reesei in a protocol resembling industrial feeding conditions. While confirming previous observations, more than 500 genes have also been identified as involved in the process. Some of them might be targeted for further improvement of strains. This assumption is strengthened by our observation that the identified induction system is largely untouched in the NG 14-RUT C30 lineage by previous mutagenesis experiments, potentially leaving room for optimization, which was not guaranteed given the extensive work that was performed on these strains [48] .
Random mutagenesis is and will remain a choice method for strain improvement, especially for improving complex phenotypes or poorly characterized organisms. Our data show that a combination of these conventional approaches together with genome and transcriptome analysis can help to sort out mutations, improving strain performances, and provide further targets for genetic engineering.
Materials and methods
Fungal strains and culture conditions NG 14 (ATCC 56767) and RUT C30 (ATCC 56765) Trichoderma reesei strains were used in this study. Cultivations in the bioreactor were performed as previously described [34] . Frozen spores were used to inoculate a Fernbach flask containing 250 mL of the previously described culture medium [19] . Cultivation was carried out at 30? C with stirring at 150 rpm. After 72 h, the medium containing mycelia was used as an inoculum for bioreactor culture. The cellulase production was performed in a 4-L bioreactor under a two-phase cultivation procedure: strains were first grown in 2 L of medium containing 30 g. L -1 glucose as carbon source, at 28? C and pH regulated at 4.8 with 5.5 M NH 3 . The air flow was adjusted at 0.5 VVM and initial stirring was set at 400 rpm. This parameter was gradually increased to maintain pO 2 above 40% oxygen saturation. When initial glucose was close to depletion (<0.5 g L -1 of initial glucose content), the fed-batch phase was initiated. During this second phase, a 250 g L -1 lactose solution was injected at a 0.98 g h -1 rate. Samples were collected periodically to determine the biomass, carbon and protein concentrations.
Analytical methods
Biomass concentrations were determined by gravimetric analysis. 10 mL of the collected culture medium containing mycelia was filtrated on 1.2-μL GF/C glass microfiber membranes. The biomass dry weight was measured 24 h after incubation of the membrane at 105? C. Measures were done in triplicate with a standard error of less than 10%. Glucose concentration during the batch phase was assessed by enzymatic reaction using an Analox Glucose analyser GM10 (Imlab) to predict the convenient time to start fed-batch. All carbon source concentrations were a posteriori quantified again by HPLC using an HPX-87P column (Bio-Rad) maintained at 85? C. Hedegassed distilled water was used as an eluent at a flow rate of 0.4 mL L -1 . Measures were done in triplicate with a standard error of less than 5%. Extracellular protein concentration was measured against a BSA standard (0 to 1.5 g L -1 range with second-order regression) by the Bradford method [31] using the Quick Start Bradford Protein Assay kit (Bio-Rad) or by the Lowry method [33] using DC Protein Assay (Bio-Rad). Measures were done in triplicate with a standard error of less than 5%. The overall cellulase activity of the samples was measured as filter paper (FP) activities using the IUPAC-recommended procedure [49] .
RNA sample preparation
RNA samples were prepared from mycelia powder obtained by grinding the filtrated biomass in liquid nitrogen. The powder was subjected to a phenol treatment using TRI Reagent Solution (Applied Biosystems). The extracted total RNA was then isolated with bromochloropropane, precipitated with isopropanol, washed with ethanol and solubilized in nuclease-free water following the manufacturer? s instructions. Samples were cleaned up following the Qiagen RNeasy procedure and subjected to an on-column DNase digestion with the RNase-Free DNase Set (Qiagen).
Microarray hybridizations
The microarray data and related protocols are available at the GEO website (http://www.ncbi.nlm.nih.gov/geo/), under the study number [GSE60908]. Briefly, the RNAs from each experiment were reverse-transcribed and labelled with Cy3 or Cy5 dyes using an indirect labelling procedure and dye-switch on the two biological replicates. Hybridization and scanner procedures for the T. reesei DNA chip manufactured by Agilent and designed using the Teolenn software have been described previously [9, 50] .The data were normalized without background subtraction by the global lowess method performed with the Goulphar software [51] . The background threshold was calculated by adding two standard deviations to the average intensity of all the ? not found? features. For each probe, the log2 hybridization ratio was linked to genome annotation from the Joint Genome Institute (JGI) website (http://genome.jgi-psf.org/Trire2/Trire2.home.html). The final log2 ratio for each transcript was obtained by averaging the ? detectable? hybridization values from all probes located inside the coding sequence on the matching strand. Transcripts with no probe marked as ? detectable? were discarded from further analysis. For the two biological replicates on each of the four experiments, we applied to the pretreated results the linear modelling approach implemented by lmFit and the empirical Bayes statistics implemented by eBayes from the LIMMA R package [52] . We selected the list of statistically regulated genes using a 5% significance threshold. Finally, we kept as the most highly regulated targets only transcripts with a final log2 hybridization ratio greater than 1 or less than -1.
RNA-seq library preparation and analysis
Messenger (polyA+) RNAs were purified from 2 μg of total RNA using oligo(dT). Libraries were prepared using the strand non-specific RNA-seq library preparation Tru-Seq RNA Sample Prep Kits v1 (Illumina). Libraries were multiplexed by 2 on one single flowcell lane and subjected to 50 bp paired-end read sequencing on a HiSeq 2000 device. A mean of 53 ? 12 million passing Illumina quality filter reads was obtained for each of the two samples? RNA-seq data analysis.
We performed RNA-seq analysis using the Eoulsan pipeline [53] . Before mapping, poly N read tails were trimmed, reads ≤11 bases were removed, and reads with quality mean ≤12 were discarded. Reads were then aligned against the T. reesei genome (version 2 from the JGI website) using the Bowtie mapper (version 0.12.7) [54] . Alignments from reads matching more than once on the reference genome were removed using the Java version of SAMtools [55] . To compute gene expression, T. reesei genome annotation from JGI (version 2) was used. All overlapping regions between alignments and referenced exons were counted.
To analyse the gene expression level, the relative transcript abundance was measured in reads per kilobase of exon per million mapped sequence reads (RPKM) [56] . The log2 ratios of the RPKM values were used to identify differentially expressed genes. To keep only the most differentially expressed genes, a threshold of 4 for the log ratio with a reads number greater than 100 was chosen. The RNA-seq gene expression data and raw fastq files are available in (Additional file 6: Table S3 ).
Cluster analysis of microarray results
An expression matrix was built from all the genes sorted as strongly regulated in at least one time point and in one strain. The GEPAS pipeline [57] was used to filter out genes with 30% missing values, leading to 568 selected genes. From these genes, a clustering analysis was performed using the MultiExperiment Viewer software [58] . A combination of unsupervised hierarchical clustering and K-means algorithms was used to sort genes into clusters. First, an ascending hierarchical clustering was done using the Euclidean distance metric and the average linkage method. Results were used to determine the optimal number K of clusters (K = 10). The K-means algorithm was applied using Euclidean distance on the 568 gene expression profiles. In order to improve the robustness of results, five independent runs of K-means with a random initialization were performed. Then, an aggregation method using a cooccurrence threshold of 60% was used to obtain the final clusters. 532 genes were classified in 9 clusters.
